This paper examines the extent to which individual investors provide liquidity to the stock market and whether they are compensated for doing so. We show that the ability of aggregate retail order imbalances, contrarian in nature, to predict short-term future returns is significantly enhanced during times of market stress, when market liquidity provisions decline. While a weekly rebalanced portfolio long in stocks purchased and short in stocks sold by retail investors delivers 19% annualized excess returns over a four-factor model from 2002 to 2010, it delivers up to 40% annualized returns in periods of high uncertainty. Despite this high aggregate performance, individual investors do not reap the rewards from liquidity provision because they experience a negative return on the day of their trade and they reverse their trades long after the excess returns from liquidity provision are dissipated. During the financial crisis, French active retail stock traders stepped up to the plate, increased stock holdings, and provided liquidity. In contrast, mutual fund investors fled from delegation by selling their mutual funds.
Introduction
What is the contribution of individual investors to the formation of prices and liquidity in financial markets? A long-standing literature has considered them as noise traders, in the sense of Black (1986) and Shleifer and Summers (1990) , who push prices away from fundamentals and destabilize markets. In contrast to this literature, recent empirical evidence suggests that individual investors' trades provide liquidity to meet the demand for immediacy of other market participants (Kaniel, Saar, and Titman, 2008; Kaniel, Liu, Saar, and Titman, 2012; Kelley and Tetlock, 2013) . While retail investors are possibly less sophisticated than their institutional counterparts, they also face lower agency costs and liquidity constraints than institutional investors, such as mutual funds (Chevalier and Ellison, 1999; Coval and Stafford, 2007) . Retail traders could thus have some ability to act as market makers, especially when institutional liquidity dries up, as was the case during the 2008-2009 financial crisis.
This paper examines the extent to which individual investors provide liquidity to the stock market and whether or not they are compensated for doing so. We use a unique data set obtained from a leading European online broker in personal investing and online trading. This data set allows us to track the trades of a large sample of individuals from January 2002 to December 2010. The data cover the recent financial crisis, when the liquidity-provision capacity of traditional market makers was plausibly reduced (Nagel, 2012) . We uncover a series of new findings.
First, individuals provide liquidity especially at times when conventional liquidity providers are constrained. We begin by showing that in our sample, consistent with recent literature, aggregate retail buy-sell imbalances are contrarian and positively predict the cross section of stock returns at a horizon of a few weeks. A one standard deviation increase in daily order imbalances is associated with an increase in returns of about 15 additional basis points over the following three trading weeks (a 4% increase in annualized returns). We then test whether this increase in returns earned by retail investors corresponds to compensation for liquidity provision. To do so, we first construct a weekly rebalanced portfolio that goes long in stocks purchased and short in stocks sold by retail investors (the retail portfolio). We then compare the returns on this portfolio with time series variation in the supply of liquidity provided by institutional investors. Guided by prior work showing that intermediaries are especially constrained in their ability to provide liquidity in times of high uncertainty, we split our sample into periods of high and low VIX [Chicago Board Options Exchange (CBOE) volatility index], when the VIX is higher or lower than 20, its 2002-2010 median. We contrast the returns on the retail portfolio in these two subsamples and find robust evidence that they increase sharply in times of high uncertainty. While the retail portfolio earns 19% annualized 1 excess returns over a four-factor model from 2002 to 2010, it earns up to 40% annualized returns when traded over the weeks when the VIX is above its sample median. We also provide suggestive evidence that, during times of high uncertainty, retail investors do in fact step up to provide more liquidity and that their risk-bearing capacity seems to increase. These results indicate that retail traders do provide liquidity to the stock market, especially when institutional liquidity dries up.
Second, we exploit the unique panel feature of our data set to show that retail investors fail to reap the returns from liquidity provision. We provide two explanations for this result. The first has to do with the price at which retail orders are executed on the day of trading. To benefit from the predictable short-term returns that follow a day of intense imbalances, individual investors need to avoid being picked off on day 0. To understand why, suppose that institutions holding stock S are hit with liquidity shocks and need to fire sell their shares of S. The price of S plummets on day 0 and recovers in the short-term thereafter. Individuals buying stock S at its lowest on day 0 fully benefit from the price reversal in the subsequent days. However, those who purchase S before it reaches its lowest price experience a negative intra-day return on day 0, which can more than offset the gain from price reversal. Our analysis of order-level data indicates that, in our sample, retail investors get picked off on day 0. The average retail trade experiences large and negative returns on this day, so much so that returns on day 0 more than offset the rewards from liquidity provision that could arise subsequently.
The second reason for the low performance of individual investors in our sample has to do with the speed at which they reverse their trades. Individuals cannot benefit from liquidity provision unless they reverse their trades quickly enough thereafter, before the benefits are dissipated. This is exactly what retail investors in our sample fail to do. The average holding period among retail investors in our sample is above three hundred days, and most of the returns from liquidity provision are dissipated, on average, after 20 days. Thus, surprisingly, low trading frequency -specifically, slow reversal of trades -is one of the reasons that individual investors in our sample under-perform. f retail traders were to close their positions earlier, they could be demanding liquidity themselves, which might adversely affect their returns. Nonetheless, while Odean (1998) or Barber and Odean (2000) argue that overtrading is associated with high transactions costs and is, therefore, responsible for the low performance of retail traders, our findings suggest that retail traders could paradoxically capture a larger liquidity premium by trading more quickly.
Finally, we take advantage of the richness of our data and uncover substantial cross-sectional heterogeneity in the returns to liquidity provision. We first sort trades based on the experience of the individual placing them. We find that highly experienced individuals are much less prone to the picking-off effect. In addition, they flip their trades much more quickly.
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These two components explain a significant share of their outperformance relative to less experienced traders. We also sort trades based on the average speed at which the individuals who place them usually reverse their trades. We find that fast traders are less prone to the picking-off effect and, thus, experience higher returns relative to slower traders.
Our findings are in contrast to the view expressed by part of the financial press arguing that the financial crisis led to a massive exodus of small retail investors from the stock market. Using our data, we show that, during the financial crisis, French retail investors on aggregate fled from delegation by selling their mutual funds, yet, at the same time, active retail stock traders stepped up to the plate, increased stock holdings, and provided liquidity.
This paper adds to the ongoing debate on the contribution of retail trades to stock market efficiency. A number of papers find that individual trades positively predict short-term returns. A first body of work has interpreted this as evidence of noise trading pushing prices away from fundamentals. Barber, Odean, and Zhu (2009) find that stocks that individual investors are buying (selling) during one week have positive (negative) abnormal returns on that week and in the subsequent two weeks. These returns then reverse over the next several months. Although Barber, Odean, and Zhu (2009) interpret their results as evidence of noise trading, their findings are also consistent with individual investors providing liquidity to institutional investors. Another body of work has associated the short-term predictability of retail trades with liquidity provision. Kaniel, Saar, and Titman (2008) identify individual investor trades using the NYSE Consolidated Audit Trail Data files, which contain detailed information on all orders executed on the exchange, including a field that identifies whether the order comes from an individual investor. They show that the top decile of stocks heavily bought by individuals outperform those heavily sold by individuals, a result again consistent with retail traders providing liquidity to institutions that require immediacy. Kaniel, Liu, Saar, and Titman (2012) also find evidence that stocks purchased by individual investors prior to earnings announcement outperform those they sell and that compensation for risk-averse liquidity provision accounts for approximately half of this over-performance. Finally, Kelley and Tetlock (2013) argue that retail traders provide liquidity to the market and benefit from the reversal of transitory price movements. Our contribution to this body of work is twofold. First, we show that the predictability of individual trades increases when the rewards to liquidity provision are high, consistent with the idea that they provide liquidity. Second, we are able to evaluate whether retail investors benefit from supplying liquidity, which has been an open question since Kaniel, Saar, and Titman (2008) . The data used in either Kaniel, Saar, and Titman (2008) or Kelley and Tetlock (2013) were not suited to answer this question, as those data sets do not make it possible to track individual orders. Utilizing our trade-level data, we demonstrate that individuals fail to benefit from their liquidity provision role.
Because we focus on returns at the order level, our results also relate to the literature on individual investors' performance.
2 The average household trades in excess of what liquidity and hedging motives would command and loses money in the process (Odean, 1998; Barber and Odean, 2000; Barber, Lee, Liu, and Odean, 2006; Grinblatt and Keloharju, 2000) . This is generally attributed to behavioral biases such as overconfidence or gambling (Statman, Thorley, and Vorkink, 2006; Glaser and Weber, 2007; Grinblatt and Keloharju, 2009; French, 2008) . A small group of retail traders, however, manage to generate absolute performance (Barber, Lee, Liu, and Odean, 2014) , with some persistence (Coval, Hirshleifer, and Shumway, 2005) . Linnainmaa (2010) explores the source of performance in more detail. He uncovers losses on limit orders and gains on market orders in Finland. 3 We add to this body of literature by relating this picking-off effect to the short-term returns from liquidity provision. In particular, we show that individual investors' returns are low because they get picked off and they fail to reverse their trades soon enough. In other words, retail investors do not trade fast enough to collect the benefits from their liquidity provision. Another contribution, particularly relative to Linnainmaa (2010), is to show that more experienced retail investors tend to be less picked-off. The rest of the paper is organized as follows. We present the data in Section 2. Section 3 presents the results, and Section 4 concludes.
Data
In this section, we present the data, the construction of the main variables, and we compare our sample with other samples used in the literature.
Data source
We consider information about a large sample of French retail investors trading between January 2002 and December 2010, provided by a leading European broker in personal investing and online trading. In the past 12 years, this broker accounted for an average 15% of online brokers' stock trades on Euronext Paris, which collectively represented 14% of all trades in the market.
4 This sample is thus fairly representative of the behavior of individual investors directly investing in the French stock market. These data are also used in Foucault, Sraer, and Thesmar (2011) , who study the effect of retail investors on the volatility of stock returns. There are 91,647 investors making approximately 4.6 million trades in 730 stocks in our sample. The data contain executed orders.
5 For each order, we track the trading exchange identifier (International Securities Identification Number, ISIN), the trading date, the quantity, and the amount traded in euros.
6 Given that we do not have the exact timing of the execution within the day, we aggregate trades by individual × stock × day. The average trade size in our sample is 7,741 euros. We obtain daily stock returns from EUROFIDAI.
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Our sample stands out in a number of ways. First, it includes information at the order level, which allows us to perform detailed analyses of retail trading. Second, it spans a long time period that includes episodes of market stress, such as the recent financial crisis. This makes it possible to contrast the behavior of a large number of retail investors at different times, when the returns to liquidity provision vary. Recent work, including Adrian, Etula, and Muir (2012) , Ang, Gorovyy, and Van Inwegen (2011), and Ben-David, Franzoni, and Moussawi (2012) suggest that intermediaries are especially constrained for high levels of the VIX index of implied volatilities of Standard & Poor's (S&P) index options. Nagel (2012) uses the returns to short-term reversal strategies as proxies for the returns to liquidity provision. He finds that they are almost perfectly correlated with the level of the VIX. To contrast the predictability of retail imbalances with the liquidity condition on the market, we construct three proxies for the level of uncertainty on the market, which we expect to be associated with higher rewards for liquidity provisions. We first use the CBOE S&P 500 implied volatility index on day t − 5, which we normalize to a daily volatility measure by dividing it by √ 250. 8 As an alternative proxy, we construct the variable Idiosyncratic volatility as the cross-sectional standard deviation of individual stock returns on day t − 4 This is according to Acsel, the association of French online brokers (see http://www.associationeconomienumerique.fr/), which collects monthly data on online trading.
5 Throughout the paper, we use the terms "order" or "trade" interchangeably. 6 The data also specify the type of order used (limit or market order). At the retail trader account level, data include monthly fees associated with the account as well as limited demographical information, namely, their gender, age, and geographical location.
7 EUROFIDAI is a research institute funded by the CNRS (French National Center for Scientific Research), whose mission is to develop European stock exchange databases for academic research.
8 We check and find that all results are unchanged when we use the VSTOXX, the European volatility index, instead of the VIX.
5. Finally, we define Crisis as a dummy variable equal to one in the seven months from September 2008 to April 2009.
In some of the analyses, we adjust returns and cumulative returns for systematic risk. To do so, we estimate the exposure of each of the 730 stocks in the sample to systematic risk factors (market, small-minus-big, high-minus-low, and momentum) over the sample period (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) at the weekly level. All risk factors are obtained from EUROFIDAI.
9 We run the following ordinary least squares (OLS) model for each stock in the sample:
where Ret t is a given stock's return in week t, and M kt t − Rf t , SM B t , HM L t , and M OM t are, respectively, the returns of the market factor, small-minus-big, high-minus-low, and momentum. The estimated coefficientsb,ĉ,d, andê are then used to define the risk-adjusted return on any given stock i in any given period t, AdjRet t , as the difference between the realized return Ret [t] and its predicted value:
Comparison with the US
While French and US financial institutions are fairly different, the behavior of retail investors in our sample appears similar to what has been reported in previous studies using US data. In terms of trading activity, 49% of the retail investors in our sample make at least one trade per year. Kumar and Lee (2006) report that, in their sample of retail investors at a major US discount brokerage house, the corresponding statistic is 45%. The average trade size in our sample is 7,741 euros, which is about $10,000 dollars. Kelley and Tetlock (2013) report an average trade size of $11,566 using their US-based brokerage account data. Finally, according to press reports quoting Euronext insiders, retail investors represent 6% of Euronext volumes, which is similar to the share of individual investors in total volume in the US.
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Investors in our sample also exhibit similar biases to what has been shown using US data. For instance, Boolell-Gunesh, Broihanne, and Merli (2008) use the same data set as ours (although only up to 2008) and report that individual investors in this sample are also prone to the disposition effect.
Results
In this section, we present and discuss the results of our analyses at the stock, at the portfolio, and the order level.
Evidence on liquidity provision
This paper studies the relation between retail orders and future short-term returns, both at the stock-day level and the order level. We start by aggregating individual trades at the stock-day level. Our main measure of imbalances, Imb [0] , is similar to the one used in Kelley and Tetlock (2013) . It is computed daily as the number of shares bought by retail investors minus the number of shares sold by retail investors divided by shares bought plus shares sold.
11 As in Kelley and Tetlock (2013), we exclude from the sample stock × days with less than five orders, leaving 217,511 stock-days. We control for the size of firms with the log of their market capitalization (LogM E). We denote as Ret [x, y] the holding period return between day x and day y. Panel A of Table 1 provides summary statistics. The average and median of Imb[0] are very close to zero. The average aggregate volume traded in a stock on a given day is just over 165,000 euros, which represents an average of 2.4% of the total daily volume for these stocks.
12 We first estimate whether retail order imbalance dynamics are consistent with liquidity provision, i.e., if they seem to respond to past liquidity shocks. We want to measure the sensitivity of retail imbalances to past returns, controlling for market conditions and stock invariant characteristics. We do so by running the following linear regression:
where Imb [0] it is the imbalance of stock i on day t, and Ret [−5, −1] it and Ret [−26, −6] it are the cumulative returns over the past week and the prior month on stock i, respectively. π t and η i are, respectively, day and stock fixed effects. Ret] − 1, 0] it is the date-t return of stock i and is included in the regression to account for the possibility that retail orders are positively correlated with date-t stock returns, which are typically followed by short-run reversal (Nagel, 2012) .
13 Standard errors are clustered at the stock level, allowing the ϵ it to be correlated within a stock but not across stocks within a given day. Results are presented 11 We check below that our results are robust when we use alternative measures. 12 Our coverage is comparable to Kelley and Tetlock (2013) , in which retail trades account for 2.3% of total listed (NYSE, Amex, and NASDAQ) volume, over a period of five years. 13 We use this notation to later distinguish stock returns over the day (Ret] − 1, 0]) from the return from order execution until the end of the day (Ret[0]).
in Table 2 . In Column 1, the specification includes only day fixed effects. We add stock fixed effects in Column 2. While imbalances can correlate with some omitted variable, such as the differences in households' participation rate in various stocks, the inclusion of stock fixed effects ensures that those are not driving the results. Consistent with evidence in Kaniel, Saar, and Titman (2008) and Kelley and Tetlock (2013) , we find that retail imbalances react strongly to past returns. The estimates are highly statistically significant, and the coefficients are economically large. A one standard deviation decrease in the past week's returns, Ret [−5, −1] it , leads to an increase of about 7 percentage points in Imb [0] , which represents 12% of the sample standard deviation of Imb [0] . The estimate is unaffected by the inclusion of stock fixed effects, suggesting that time-invariant stock-level characteristics are not responsible for the cross-sectional correlation between retail imbalances and past returns. To make sure that we are not picking up a different functional form of past returns, we estimate a more flexible model allowing for a different impact of positive and negative stock returns on date-t imbalances. The results are presented in Columns 3 and 4 of Table  2 . We still find a significant and negative effect of past-week returns on current imbalances. A one standard deviation increase in the positive past-week returns leads to a 4 percentage point increase in imbalances. The effect is larger following negative returns. A one standard deviation decrease in negative past-week returns leads to a 5.2 percentage point increase in date-t imbalances. Overall, the pattern of buying and selling in reversal strategies is robust and resembles the trading of a liquidity provider who takes opposite positions to the rest of the market.
[Insert Tables 1 and 2 near here] We then turn to the analysis of the returns to liquidity provision. Our regression model for predicting cumulative holding period returns from day x to y is Ret [x, y] 
Standard errors are clustered at the stock level.
14 The coefficient of interest is β 1 , which measures the sensitivity of future returns to current imbalances from retail orders.
14 These standard errors are correct if residuals are uncorrelated within a given day. In Appendix B, Table B1 , we explore the sensitivity of our results to this clustering assumption. We cluster standard errors at the day level and also at the day and stock level, and we find slightly smaller standard errors. Clustering at the day (day and stock) level implies standard errors are correct under the assumption that there is no source of correlation of residuals for Number of observations across stocks (days and stocks). We report the most conservative standard errors in the main table.
We start by estimating Eq. (4) using as a dependent variable the cumulative returns from day x = 1 to day y, where y takes values from one to one hundred. We plot in Fig. 1 the one hundred β 1 coefficients estimated, along with their 95% confidence intervals. The graph shows that stocks heavily purchased by retail investors outperform those that are heavily sold by retail investors by a significant 18 basis points over the first 16 days. This outperformance then gradually dissipates over the subsequent 85 days. We obtain identical results when we perform the same analysis with risk-adjusted cumulative returns. This finding is comparable to the results presented in Linnainmaa (2010) on Finnish retail investor data and is also consistent with the patterns shown by Gutierrez and Kelley (2008) on US data.
[Insert Fig.1 . near here]
We formalize this result in a regression setting in Table 3 . Columns 1 and 2 estimate Eq. (4) including day fixed effects, and Columns 3 and 4 also include stock fixed effects. The main finding is that retail imbalances positively predict cumulative returns from day 1 to day 16, even after controlling for date-t returns and including stock fixed effects. Quantitatively, a one standard deviation increase in Imb [0] leads to a 15 basis point increase in cumulative returns over the following three trading weeks. These estimates are comparable in magnitudes to those obtained by Kelley and Tetlock (2013) . Columns 2 and 4 show that the effect is short-lived, as it is nearly fully reversed after one hundred days. As we already noted in Table 2 , the estimates are virtually unaffected by the inclusion of stock fixed effects. Taken together, Table 2 and Table 3 suggest that individual investors provide liquidity by placing contrarian trades and receive a significant compensation in the form of high returns over the next three weeks. We perform a number of additional tests to ensure that these results are robust to the proxy we use for imbalances created by retail investors' trades. We show in Table 4 that the results hold when we standardize Imb [0] (by subtracting its within-stock mean and scaling it by its within-stock standard deviation), when we use terciles of Imb [0] , or when we define imbalances on stock i as the ratio of buy minus sell orders by retail investors normalized by the market-wide volume of the stock. In Appendix B, The finding that retail imbalances predict future stock returns after conditioning on contemporaneous and past returns is consistent with Kelley and Tetlock (2013) and suggests that incremental information is embedded in retail trades that cannot be mechanically exploited by looking at past daily, weekly, and monthly returns. While we cannot directly test for the exact information structure of retail investors in our sample, one possibility is that they have some information about whether past order flow is motivated by liquidity needs and that they act on this information by placing their orders accordingly.
Retail investors' performance and the demand for liquidity
An alternative to the natural liquidity provision interpretation of the results in Subsection 3.1 is that the predictive power of retail imbalances results from noisy correlated trading pressure from individuals. To disentangle these two alternative hypotheses, we look at how the sensitivity of retail imbalances to past returns, as well as the predictive power of these imbalances on future returns, vary with general liquidity conditions in the market. If the predictability of individual imbalances increases when liquidity dries up elsewhere in financial markets, and the returns to liquidity provision go up, then it is likely that these trades are providing liquidity, instead of pushing prices away from fundamentals. Our first step in answering this question thus consists in investigating whether the liquidity provision behavior shown in Table 2 is stronger when the returns to liquidity provision increase.
To do so, we estimate an augmented version of Eq. (3), in which we regress retail imbalances on the interaction of past returns with our proxies for liquidity conditions on the market: the level of the VIX, the cross-sectional idiosyncratic volatility, and the Crisis dummy. However, when the variance of asset returns is larger, absorbing demand shocks is riskier for retail traders so that they naturally require a larger swing in prices for a given demand shock. In Appendix A, we formalize this intuition with a simple trading model in the spirit of Grossman and Miller (1988) . Therefore, we consider how retail imbalances react to risk-adjusted returns instead of raw returns. We estimate Eq. (3) but use standardized measures of past returns as our control variables. To standardize returns, we first subtract the average past-20-day return of the stock and then divide this difference by the past-20 day standard deviation of returns.
The results presented in Table 5 support the hypothesis that, in our sample, the risk-bearing capacity of retail investors increases during periods of high uncertainty. The coefficients on the interaction between standardized past returns and VIX, Idiosyncratic volatility, and the Crisis dummy are significantly negative, suggesting that the sensitivity of imbalances to past standardized returns increases during episodes of market stress, including the height of the financial crisis. Quantitatively, we find that when the VIX is at its 25th percentile value, a one standard deviation increase in past-week standardized returns leads to a 9.6 percentage point decrease in date-t retail imbalances. However, when the VIX is at its 75th percentile value, a similar increase in returns leads to a 10.4 percentage point decrease in imbalance.
[Insert Table 6] The increase in risk-bearing capacity could be coming from a decline in retail investors risk aversion or from an increase in their relative weight in the stock market. We have no way to fully disentangle these two explanations, particularly because one limitation of our data is that we do not observe institutional trades. As a first path, however, we can look at the aggregate share of individual investors in total volume and their aggregate portfolio turnover in the time series. In Fig. 2 , we show that the share of volume traded by retail investors and the rate at which they turnover their portfolio went up sharply in 2008 and 2009, at times in which the aggregate uncertainty measured by the VIX or the average idiosyncratic volatility is high. This complements Fig. 3 , which shows that, on aggregate, retail investors were net sellers of equity mutual funds and net buyers of equity in the financial crisis of 2008. This suggests that part of the increased negative elasticity of retail imbalances to past returns could be coming from an increase in the relative contribution of retail investors. We then investigate how the returns following large retail imbalances vary with our two proxies for the returns to liquidity provision. We start with a graphical analysis, based on Eq. (4). We split the sample into low and high VIX days, in which high VIX days occur when the VIX is higher than 20, its 2002-2010 median. In each of these subsamples, we run separate regressions of the cumulative returns from day x = 1 to day y, where y takes values one to one hundred on day 0 retail imbalance, controlling for contemporaneous, past weekly, and past monthly returns, as well as the log of the market capitalization of the stock. We plot the estimated coefficients for Imb [0] at each horizon (one to one hundred), along with their 95% confidence intervals in Fig. 4 . Panel A (Panel B) corresponds to high VIX (low VIX) days. Two interesting facts emerge from Fig. 4 . First, on high VIX days, retail imbalances are followed by a much larger price increase over the subsequent couple of weeks than on low VIX days. Stocks heavily purchased by individuals reach 24 basis points in cumulative returns over the subsequent 16 days, and they reach about 14 basis points in cumulative returns on low VIX days. Second, the reversal is much more pronounced on low VIX days than it is on high VIX days. A potential interpretation of these results is that, when uncertainty is high, retail trades provide liquidity and are significantly compensated for this. Conversely, in times of low uncertainty, retail trades are more likely to be picked off by informed traders and eventually generate negative cumulative returns. We confirm these results in formal regression tests. We interact all terms in Eq. (4) with our three proxies for market liquidity: the level of the VIX (Columns 1 and 2), the cross-sectional standard deviation of individual stock returns (Columns 3 and 4), and the Crisis dummy equal to one in the seven months from September 2008 to April 2009. The results are presented in Table 6 . Columns 1, 3, and 5 include day fixed effects, and Columns 2, 4, and 6 also include stock fixed effects. Consistent with the intuition obtained from Fig. 4 , the two-week returns following high retail imbalances are significantly higher when the VIX is high, when the cross-sectional standard deviation of stock returns is high, or during the crisis period. Short-term returns to retail investors' liquidity provision almost triple during the financial crisis. While the sensitivity of three-week cumulative returns to retail imbalances is 0.0016 when computed over months outside the financial crisis, this sensitivity increases to 0.0063 during the financial crisis.
[Insert Table 6 near here] Altogether, these results provide evidence that the outperformance of stocks heavily purchased by individuals over those heavily sold by individuals amounts to compensation for liquidity provision. One objection to our interpretation is that, during high VIX periods, limits to arbitrage increase so that correlated trading by individual investors would be less likely to be arbitraged away by constrained sophisticated arbitrageurs. As a result, the increased predictability during high VIX periods would simply be the result of noisy price pressure from individuals and would be unrelated to the returns to liquidity provision. However, we find in unreported tests that the autocorrelation of our measure of retail imbalances is significantly lower on high VIX days, making this alternative interpretation much less compelling than our hypothesis based on liquidity provision.
These results also emphasize the value of our data set. Because we track individuals for a long period of time, we are able to reconcile apparently contradictory findings from the literature with respect to the reversal of short-term returns. While Hvidkjaer (2008) and Barber, Odean, and Zhu (2009) find evidence of reversal following short-term returns, Kaniel, Saar, and Titman (2008) and Kelley and Tetlock (2013) find none. Our results suggest that different samples and time periods could explain these differences.
Portfolio analysis
In this subsection, we show that portfolios mimicking trades of individual investors generate significant positive abnormal returns at the weekly horizon. Doing so allows us to check that the effects we shown in Subsection 3.2 are economically meaningful and that they are not driven by the smallest trades observed in our sample of individual investors. The portfolio we build aggregates trades across individuals and assets and, thus, gives a greater weight to stocks heavily traded. In addition, we want to make sure that the results are not driven by a particular feature of Imb [0] , our measure of retail imbalances. In the analysis that follows, we pool all stocks into a long portfolio and a short portfolio, and we therefore abstract from any measure of imbalances. Finally, we want to analyze how the returns of the short-term reversal strategies of individual investors load on systematic risk factors.
We proceed as follows. Each week over the sample period spanning 2002 to 2010, we aggregate individual trades at the stock level. We sort stocks based on their net retail aggregate position into two subsets of stocks purchased or sold. We form a long and a short portfolio by value-weighting the stocks in each of these two subsets. In each of these two portfolios, returns are value-weighted based on the dollar values of weekly aggregate retail traders' volumes in each stock. Hence, a stock enters in the long and the short portfolio with a weight that reflects the size of the aggregate individual imbalance in that stock in a given week. We rebalance each of the two portfolios at the end of each week. We consider the returns on the long-short portfolio (the retail portfolio). More precisely, we regress the returns on the long-short portfolio on a model similar to that of Eq. (2). The coefficient of interest here is a, which is an estimate of the weekly returns on the retail portfolio, adjusted for exposure to systematic risk. We introduce the risk factors one by one in the model to assess their effects on the estimate of excess returns. The results of the main specification are presented in Panel A of Table 7 . The unadjusted return is 26 weekly basis points, which amounts to 15% annualized returns. A market model (Column 2) generates an alpha of 23 basis points per week, which amounts to an annualized risk-adjusted return of 13%. Moving to a Fama and French risk model (Column 4) increases the estimates to 33 basis points, an annualized return of 19%. Introducing the momentum factor (Column 5) in the model does not affect the estimate of alpha.
[Insert Table 7 near here] If these excess returns represent compensation for liquidity provision, then we should find, consistent with the analysis presented above, that these excess returns increase in times of high uncertainty, i.e., when the rewards to liquidity provision increase. We thus split the sample based on the level of the VIX in the last day of the portfolio formation week. We then regress the excess returns on the zero cost retail portfolio on the same risk factors as those used in Eq. (2), but using only those weeks when the level of the VIX is above its sample median. The results are presented in Panel B of Table 7 . The unadjusted returns are 52 basis points weekly, 30% in annualized terms. Adjusting for the exposure to the market increases the estimates to 57 basis points, which amounts to an annualized risk-adjusted performance of 34%. Introducing the three other risk factors pushes the returns even further to an annualized return of nearly 40%. In other words, irrespective of the particular risk adjustment, the excess returns earned by the retail portfolio are two times greater in high VIX weeks than on average. These returns strengthen the conclusion that retail trades provide liquidity to the markets.
Finally, we check whether the effects are stronger if we restrict the sample to stock-weeks when retail imbalances are extreme. We define an imbalance as extreme if the stock-week lies in the top or the bottom terciles of the distribution of the stock's retail imbalances between 2002 and 2010. We then compute the long and short portfolios as described above. Given that the returns to liquidity provision are higher for large retail imbalances, we expect the abnormal returns on this portfolio to be higher than what we obtain using the whole sample. We run the same model and present the results in Panel C of Table 7 . Unsurprisingly, the results are larger than those obtained in Panel A. A market model delivers a return of 34 basis points weekly, which amounts to an annualized return of 19%. A four-factor model increases the alpha to 47 basis points weekly, or about 28% annually.
A natural question to ask is how much of these risk-adjusted returns would be left after taking into account transaction cost. Unfortunately, we have no way to directly observe these transactions costs. As a first path, we rely on De Groot, Huij, and Zhou (2012), who provide single-trip transaction cost information for the one thousand largest European stocks each year between 1995 and 2009, by volume deciles, which they obtain from Nomura securities. In Table 3 of their paper, transaction cost estimates range between 19 (top decile) and 76 (bottom decile) on average. In Panel A (C) of Table 7 , we find that, over our sample period, a weekly rebalanced portfolio long in stocks purchased and short in stocks sold by retail traders yields a weekly alpha over a four-factor model of 33 (47) basis points. We compute that, on average, 60% of the positions of our aggregate portfolio are closed at the end of the week.
15 Hence, an omniscient investor exploiting retail investor trades would break-even (earn 15 basis points a week if restricting to extreme imbalance stock-weeks) if, on average, individuals in our sample trade stocks that lie in or above the ninth volume decile of the one thousand largest European stocks, for which single-trip transaction costs are 20 basis points. 16 For extreme imbalance stock-weeks, there seems to be a small potential gain down to the seventh decile, where single-trip transaction costs are 26 basis points. Panel B shows that, in high VIX weeks, the alpha is 64 basis points, implying a higher potential gain. However, if a large enough amount of money was invested in a strategy replicating retail trades, then the liquidity premium associated with this strategy would probably be gradually dissipated.
Order-level analysis
The results aggregated at the stock level seem at odds with the results commonly found in the literature that individual investors lose money on average (Odean, 1998; Barber and Odean, 2000; Barber, Lee, Lin, and Odean, 2006; Grinblatt and Keloharju, 2000) , either because they trade too much or because they pick losing stocks. In this subsection, we attempt to reconcile these results with our findings. We first notice that the fact that the retail portfolio earns positive and significant excess returns does not necessarily mean that retail traders earn significant trading profits. In fact, for individual investors to collect the returns from liquidity provision, it needs to be the case that the return on the day of the trade (day 0) should not be lower than the subsequent excess returns and that their trades are reversed before the rewards from liquidity provision are dissipated. We exploit the richness of our data to explore the behavior of individual investors along these two dimensions.
For each of the 4.6 million trades in the sample, we construct the following variables. We define the return on day 0, Ret [0] , as the difference between the closing price at the end of the day when the trade was placed and the price at which the order was executed during the day. We define days to reversal as the number of days between the date of a trade and the earliest date at which the trade was at least partially reversed. 17 We measure the holding period return as the cumulative return from the time of execution to the close of the earliest date at which the order is partially reversed. 18 For ease of comparison across holding periods, we also compute the internal rate of return of each trade. For most of the analysis, we adjust both the holding period returns and the internal rate of returns for exposure to systematic risk, following the procedure described in Section 2. In addition, because we are interested in the heterogeneity in experience across individual investors, we define the cumulative number of orders for a trader i as the total number of orders placed prior to placing a given order. Summary statistics for the sample at the order level are presented in Panel B of Table 1 . The average order is worth 7,741 euros. There are slightly more purchases than sales in the sample, but purchases are slightly smaller (7,186 euros) than sales (8,342 euros). Turning to our variables of interest, the average holding period is 310 days and the median is 40. This is much longer than the average time at which the returns to liquidity provision are dissipated on average. As is apparent from Fig. 1 , the cumulative returns following retail order imbalances peak at around 16 days, are only 10 basis points after 30 days, and are 0 after 80 days. In addition, the average return on day 0, Ret [0] , is -90 basis points.
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This is much larger (in absolute value) than the average estimated rewards from liquidity provision. Hence, the average trade in the sample does not reap the returns to liquidity provision because it is picked off on day 0 and it is not reversed quickly enough. Table 1 indicates that the average holding period return is -2.7% and the average internal return is 4 basis points per day. On a risk-adjusted basis, these numbers are, respectively, -90 basis points and 3 basis points.
20 Table 8 presents the correlations between these variables.
The number of days to reversal is negatively related to Ret[0] and the internal rate of return, which are positively correlated. Quickly reversed trades are picked off less, on average. We decompose the holding period return in Table 9 and present the results in both unadjusted and risk-adjusted terms. The loss on day 0, Ret [0] , accounts for approximately one third of the negative holding period returns, while the rest comes from Ret [17, R] , the returns from day 16 to the reversal of the trade. On a risk-adjusted basis, the results are very similar. One of the striking implications of these results is that individuals seem to be losing money because they do not reverse their trades soon enough, i.e., because they do not trade enough.
[Insert Tables 8 and 9 near here]
Heterogeneous effects
In this subsection, we explore the heterogeneity in the behavior of individual investors. We show that certain individual characteristics seem to be associated with a better ability to capture the returns to liquidity provision. The first characteristic we consider is a trader's experience. We sort trades in our sample based on the experience of the trader, measured by the total number of prior orders placed. We expect that experienced individual investors should be less picked-off and should reverse their trades quicker. We thus simply compute the average of all our return variables across all deciles of experience. The results are presented in Panel A of Table 10 . The average cumulative number of orders placed in the first decile of experience is 12 versus 3,323 in the highest decile of experience. Experienced traders flip their trades much faster than inexperienced ones. Interestingly, experienced traders also get less picked-off. The difference between the first and the tenth deciles of experience in Ret [0] is 100 basis points, which is more than half their difference in holding period returns in risk-adjusted terms. Experienced traders have slightly better returns between day 1 and day 16. Their risk-adjusted holding period return and internal rate of return are, respectively, 20 and 10 basis points larger than those of inexperienced investors.
[Insert Table 10 near here]
The second characteristic we consider is a trader's average holding period. We sort orders in the sample based on the propensity of each trader to quickly reverse its trades. We expect individuals with shorter holding periods to be more capable of seizing the returns from liquidity provision. To check whether this is the case, we compute the average holding period of the trader over the sample. 21 We then compute the average of all our return variables across the ten deciles of the distribution of holding periods. The results are presented in Panel B of Table 10 . The average cumulative number of orders placed in the first decile of speed to reversals is 33, versus 1,065 in the highest decile of reversals. Traders who usually reverse their positions faster also get less picked-off. The difference between decile 1 and 10 in the average date-0 return, Ret [0] , is 35 basis points. The risk-adjusted holding period returns and internal rates of returns of traders quickly reversing their trades are, respectively, 4.5% and 10 basis points higher than those of traders in the bottom decile, and the internal rate of return is monotonically decreasing in the time to reversal. One way to evaluate whether experienced traders, and traders who reverse their trades faster, are smarter in how they supply liquidity is to see whether, although they get picked-off less, they still buy stocks with large day-t negative returns. Columns 6 and 11 of Table 10 show that these traders select stocks that experience larger swings in returns (by about 40 basis point). Overall, Table 10 suggests that experienced traders, relative to inexperienced ones, seem to provide more liquidity, to receive a higher compensation for doing so, and yet to be less picked-off on the day they trade. They thus appear to be smarter in the way they provide liquidity.
In principle, this result could emanate from two different channels. First, it could be that the worst-performing types (low experience, long holding periods) exit the sample more frequently. Second, it could be that individual investors experience some form of learning-by-doing. To get a quantitative sense of these two channels, we run simple regressions of Ret [0] and of the log of the number of days to reversal on vectors of time-varying trader characteristics (including the log of the cumulative number of past orders and its square, the log of the size of the account, and the log of the monthly volume traded) and day and stock × day fixed effects. Most importantly, we add individual fixed effects. If there is no learning-by-doing, trading ability is fixed within individual. Therefore, individual fixed effects should capture trading ability, and our proxies for experience, the log of the cumulative number of past orders, should not predict Ret [0] or the log of the number of days to reversal.
We present the results in Table 11 . The results confirm that experience is strongly positively related to Ret [0] and negatively related to the number of days to reversal. Traders with a larger number of past orders are less picked-off and reverse their trades faster. However, the coefficients decrease substantially when we introduce individual fixed effects. This suggests that an important part of the learning occurs via the attrition of our sample, i.e., the survival of the traders that are less picked-off and of those that reverse their trades more quickly. The results are similar when we proxy for experience with the cumulative volume traded by a given retail investor, as evidenced in Table 12 . Interestingly, larger orders get picked-off less and start to get reversed faster. Younger traders tend to reverse trades earlier.
[Insert Tables 11 and 12 near here]
Discussion
The results presented in this paper indicate that individual investors provide liquidity to stock markets and that some of them are compensated for doing so, especially in periods of high uncertainty such as the 2008-2009 financial crisis, when institutional liquidity providers were most constrained. This seems at odds with the common view according to which retail investors flee to liquidity during times of financial market stress and thereby amplify the initial stress. Financial newspapers, both in Europe and in the US, reported a massive exodus of small retail investors from the stock market following the financial crisis, with potentially worrisome consequences. According to the Wall Street Journal, in the US, "from 2007 through 2009, [retail investors] withdrew money [from mutual funds that invest in US stocks] for three consecutive years," which "marked the first three-year period of withdrawals since 1979-1981." Using our data, we find that, on aggregate, individual investors decreased their exposure to mutual funds. However, they also significantly increased their exposure to equities. As evidenced from Fig. 3 , the net outflows of individual investors in our sample from equity mutual funds reached 150 million euros from mid-2007 to the first quarter of 2009. In the meantime, inflows into stocks amount to approximately 100 million euros over the same period. The results presented in this paper offer a new perspective on this somewhat surprising finding: In the aggregate, individual investors acted as liquidity providers for the rest of the market.
Finally, to shed some light on where the positive net flows of retail investors into stocks during the crisis period came from, we attempt to decompose the result presented in Fig. 3 . We compute aggregate cumulative imbalances across categories of investors. To allocate investors to various categories, we examine their behavior in the precrisis period, which runs from January 2004 to December 2007. Our first category relates to trading frequency. Each quarter, we sort investors into terciles of number of trades realized in the quarter. A retail investors is in the active (inactive) category if she falls in the top (bottom) tercile in more than two-thirds of the quarters. Our second category relates to the type of securities mostly traded by the investors. Each quarter, we sort investors based on the ratio of stock volume they trade to the volume of stock and mutual funds they trade. Investors are allocated to the stock (mutual funds) category if they are above (below) the median ratio in more than two-thirds of the quarters. Importantly, because information on mutual fund trading is available starting only in January 2006, this split between mutual fund and stock traders has to be performed only on the period from January 2006 to December 2007. Fig. 5 shows the results of the decomposition. Panel A of the figure shows that most of the positive flows into stocks was due to active and stock traders, and Panel B, in contrast, indicates that almost all of the negative flows out of equity mutual funds came from inactive and mutual fund traders. This dichotomy between active stock traders and inactive mutual fund investors is striking, and it emphasizes that not all retail investors are created equal. A first order heterogeneity in behavior exists within the group, which has not been fully appreciated in the literature. The flight from the market during the crisis discussed in the financial press seems to have been a flight from delegation, at least in France. Passive investors who get exposure to markets mostly through mutual funds panicked and fled. At the same time, active stock traders stepped up to the plate to provide liquidity helping to assuage market stress. Not withstanding retail traders' important liquidity-provision role in times of stress, our analysis has shown that they typically fail to capture the returns to liquidity provision because they get picked off and do not reverse their trades fast enough. Experience, another important dimension of heterogeneity, improves traders ability to capture returns to liquidity provision.
[Insert Fig. 5. near here] 
Conclusion
This paper examines the extent to which individual investors provide liquidity to the stock market and whether or not they are compensated for doing so. We start by confirming with our data that aggregate retail buy-sell imbalances are contrarian and positively predict the cross section of stock returns at a horizon of three weeks, and we proceed to show that rewards to liquidity provision increase sharply during the financial crisis of 2008-2009, or more generally in times of high uncertainty. We then show that individuals' liquidity-provision role is enhanced when uncertainty is high.
Our data enable us to look into a question that has been outstanding since Kaniel, Saar, and Titman (2008) first suggested that individuals supply liquidity as a group: Do individual retail investors benefit from this service? Our answer is no. We find that individual investors fail to reap the benefits from liquidity provision for two reasons. First, they get picked-off on the day of trading. Second, they do not reverse their trades quickly enough so that when they close their trades, the returns to liquidity provision are dissipated. Thus, procrastination -rather than frequent trading -leads to under-performance, at least for investors in our sample.
We also take advantage of the richness of our data to uncover substantial heterogeneity in the returns to liquidity provision across individuals. We show that experienced traders, who are smarter in how they supply liquidity, get less picked-off and reverse their trade much faster than less experienced ones. Overall, these two components explain a significant share of the outperformance of experienced traders relative to less experienced traders.
Finally, our data suggest that the view expressed by part of the financial press that argued that the financial crisis led to a massive exodus of small retail investors from the stock market is incomplete. Instead, at least in France, during the financial crisis, retail investors on aggregate fled from delegation by selling their mutual funds, yet, at the same time, active retail stock traders stepped up to the plate, increased stock holdings, and provided liquidity. A more detailed analysis of the source of this heterogeneity in retail investors trading behavior, specifically the dichotomous trading behavior observed for stock versus mutual funds, is an interesting topic for future research.
The similarity in French and US retail trading suggests that our results likely generalize to the US, as well as probably to other developed markets. More generally, the results indicate that when market liquidity dries up due to the increased demand of institutional investors, or to the constraints on professional market makers, individual investors are the ones absorbing the shocks. This highlights an important role of individual investors for the efficiency of financial markets. Imb[0] is our measure of retail imbalances, defined for a stock-day as the number of shares purchased minus sold over the number of shares purchased plus sold. LogM E is the log of the market capitalization of the stock. Retail volume is the absolute value, in euros, of trades in the stock originating from traders in our sample. Share of retail volume is the ratio of the number of shares of the stock traded in our sample divided by the market-wide number of shares traded. Ret [x, y] is the cumulative holding period return from day x to day y. Standardized Ret [x, y] is the standardized cumulative period return from day x to day y. To standardize returns, we first subtract the average past-20 day return of the stock and then divide this difference by the past-20 day standard deviation of daily returns. Ret] − 1, 0] is the stock return on day 0. Days to reversal is the number of days from the day the order was placed until the earliest date at which the order is at least partially reversed. VIX, the Chicago Board Options Exchange Standard & Poor's (S&P) 500 implied volatility index, is normalized to a daily volatility measure by dividing it by √ 250. We use the value of the VIX on day t − 5. Idiosyncratic volatility is measured as the cross-sectional standard deviation of individual stock returns on day t − 5. Crisis is a dummy taking the value of one in the seven months from September 2008 to April 2009. Ret is the order holding period return. Ret [0] is the percentage change from the execution price to the closing price on the day the order is placed. Variables with an Adj prefix are the corresponding risk-adjusted (four-factor model) quantities. IRR variables are the corresponding internal rate of return quantities. Table 2 Liquidity provision. This table presents the results of stock×day-level ordinary least squares regressions of retail order imbalances on past returns, controls, and day and stock fixed effects. Imb[0] is our measure of retail imbalances, defined for a stock-day as the number of shares purchased minus sold over the number of shares purchased plus sold. LogM E is the log of the market capitalization of the stock. Ret [x, y] is the cumulative holding period return from day x to day y. Ret] − 1, 0] is the stock return on day 0. Standard errors are corrected for clustering at the stock level and are presented in parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% level, respectively. Table 3 Returns to liquidity provision. This table presents the results of stock×day-level ordinary least squares regressions of future returns on retail order imbalances, past returns, controls, and day and stock fixed effects. There are 730 distinct stocks traded between 2002 and 2010. Imb[0] is our measure of retail imbalances, defined for a stock-day as the number of shares purchased minus sold over the number of shares purchased plus sold. LogM E is the log of the market capitalization of the stock. Ret [x, y] is the cumulative holding period return from day x to day y. Ret]−1, 0] is the stock return on day 0. Standard errors are corrected for clustering at the stock level and are presented in parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% level, respectively. Table 4 Returns to liquidity provision, alternative proxies. This table presents the results of stock×day-level ordinary least squares regressions of future returns on retail order imbalances, past returns, controls, and day and stock fixed effects. There are 730 distinct stocks traded between 2002 and 2010. Imb[0] is our measure of retail imbalances, defined for a stock-day as the number of shares purchased minus sold over the number of shares purchased plus sold. LogM E is the log of the market capitalization of the stock. Ret [x, y] is the cumulative holding period return from day x to day y. Ret]−1, 0] is the stock return on day 0. Standard errors are corrected for clustering at the stock level and are presented in parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% level, respectively. Table 5 Liquidity provision and the crisis: standardized returns. This table presents the results of stock×day-level ordinary least squares regressions of retail order imbalances on past returns, controls, and day and stock fixed effects. There are 730 stocks traded from 2002 to 2010 in our sample. Imb[0] is our measure of retail imbalances, defined for a stock-day as the number of shares purchased minus sold over the number of shares purchased plus sold. LogM E is the log of the market capitalization of the stock. Ret [x, y] is the cumulative holding period return from day x to day y. Ret] − 1, 0] is the stock return on day 0. We standardize returns by substracting the average past-20-day return of the stock and then dividing this difference by the past-20-day standard deviation of returns. Crisis is a dummy taking the value of one in the seven months from September 2008 to April 2009. VIX, the Chicago Board Options Exchange Standard & Poor's (S&P) 500 implied volatility index, is normalized to a daily volatility measure by dividing it by √ 250. We use the value of the VIX on day t − 5. Idiosyncratic volatility is measured as the cross-sectional standard deviation of individual stock returns on day t − 5. Standard errors are corrected for clustering at the stock level and are presented in parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% level, respectively. Table 6 Returns to liquidity provision and the crisis. This table presents the results of stock×day-level ordinary least squares regressions of future returns on retail order imbalances, past returns, controls, and day and stock fixed effects.There are 730 stocks traded from 2002 to 2010 in our sample. Imb[0] is our measure of retail imbalances, defined for a stock-day as the number of shares purchased minus sold over the number of shares purchased plus sold. LogM E is the log of the market capitalization of the stock. Ret [x, y] is the cumulative holding period return from day x to day y. Ret]−1, 0] is the stock return on day 0. Crisis is a dummy taking the value of one in the seven months from September 2008 to April 2009. VIX, the Chicago Board Options Exchange Standard & Poor's (S&P) 500 implied volatility index, is normalized to a daily volatility measure by dividing it by √ 250. We use the value of the VIX on day t − 5. Idiosyncratic volatility is measured as the cross-sectional standard deviation of individual stock returns on day t − 5. Standard errors are corrected for clustering at the stock level and are presented in parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% level, respectively. Table 7 Weekly rebalanced portfolio returns. This table presents the excess returns (Alpha) on a weekly rebalanced portfolio that is long in the (value-weighted) stocks purchased and short in the (value-weighted) stocks sold by retail investors. Each week over the sample period running from 2002 to 2010, we aggregate individual trades at the stock level. We sort stocks based on their net retail aggregate position into two subsets of stocks sold and stocks purchased. We form a long and a short portfolio by value-weighting the stocks in each of these two subsets. In each of these two portfolios, returns are value-weighted based on the dollar values of weekly aggregate retail traders' volumes in each stock. We rebalance each of the two portfolios at the end of each week. The weekly returns on the long-short portfolio are regressed on the weekly returns on the market, small-minus-big (SMB), high-minus-low (HML), and momentum factors. Panel A presents the results for the whole sample; Panel B restricts the sample to weeks when the VIX (Chicago Board Options Exchange Volatility Index) is above 20, its 2002-2010 median; Panel C restricts the sample to stock-weeks with extreme retail imbalances. We define an imbalance as extreme if the stock-week lies either in the top or the bottom tercile of the distribution of the stock's retail imbalances between 2002 and 2010. ***, **, and * indicate significance at the 1%, 5%, and 10% level, respectively.
( 1) 2) (3) (4) (5) Table 8 Correlations.
This table presents the correlations between variables in the order-level sample. Ret is the holding period return of any given order. Ret[0] is the difference between the closing price on the day of the order and the execution price. AdjRet and AdjRet [0] are the risk-adjusted four factor-model counterparts. Days to reversal is the number of days from the day the order was placed until the earliest date at which the order is at least partially reversed. Panel A presents the correlations based on raw holding period returns, and Panel B presents those correlations based on risk-adjusted holding period returns. 0.101*** 1 Days to reversal -0.0322*** -0.118*** 1 Table 9 Decomposition of returns. This table presents the decomposition of retail traders' returns between the return on day 0, the returns between days 1 and 16, and the returns between day 17 and the date R of reversal. Ret is the order holding period return. Ret[0] is the percentage change from the execution price to the closing price on the day the order is placed. Ret [x, y] is the raw cumulative returns from day x to day y. IRR [x, y] is the raw internal rate of return from day x to day y. Variables with an Adj prefix are the corresponding risk-adjusted (four-factor model) quantities. IRR variables are the corresponding internal rate of return quantities. Days to reversal is the number of days from the day the order was placed until the earliest date at which the order is at least partially reversed. Table 10 Heterogeneity in returns.
This table presents the heterogeneity in returns across investor types. To construct Panel A, we sort orders in our sample based on the experience of the trader, measured with the total number of prior orders placed. We compute the average of all our return variables for all deciles of experience. In Panel B, we sort orders in the sample based on the propensity of each trader to quickly flip their positions. We compute the average holding period of the trader. We then compute the average of all our return variables for all deciles of average days to reversal. Ret [x, y] is the raw cumulative return from day x to day y. IRR [x, y] is the raw internal rate of return from day x to day y. Ret] − 1, 0] is stock return on day 0. Ret[0] is the percentage change from the execution price to the closing price on the day the order is placed. Ret is the order holding period return. Variables with an Adj prefix are the corresponding risk-adjusted (four-factor model) quantities. IRR variables are the corresponding internal rate of return quantities. Days to reversal is the number of days from the day the order was placed until the earliest date at which the order is at least partially reversed. ***,**, and * indicate that differences are significant at the 1%, 5%, and 10% level, respectively. Table 11 Picking-off effect and time to reversal with individual characteristics. This table presents the results of order-level ordinary least squares regressions of the return on day 0, Ret [0] , and the number of days to reversal on vectors of time-varying order characteristics, trader characteristics, and trader, day, and stock×day fixed effects. The dependent variable, Ret [0] , is computed as the percentage change from the execution price to the closing price on the day the order is placed. Days to reversal is the number of days from the day the order was placed until the earliest date at which the order is at least partially reversed. Purchase is a dummy equal to one if the order is a purchase and zero if it is a sale. Gender is a dummy equal to one if trader is a man. Standard errors are corrected for clustering at the stock level and are presented in parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% level, respectively. Table 12 Picking-off effect and time to reversal with individual characteristics, alternative proxy for experience. This table presents the results of order-level OLS regressions of the return on day 0, Ret [0] , and the number of days to reversal on vectors of time-varying order characteristics, trader characteristics, and trader, day, and stock × day fixed effects. The dependent variable, Ret [0] , is computed as the percentage change from the execution price to the closing price on the day the order is placed. Days to reversal is the number of days from the day the order was placed until the earliest date at which the order is at least partially reversed. Purchase is a dummy equal to one if the order is a purchase and zero if it is a sale. Gender is a dummy equal to one if trader is a man. Standard errors are corrected for clustering at the stock level and are presented in parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% level, respectively. Table B1 Returns to liquidity provision, alternative clustering. This table presents the results of stock×day-level ordinary least squares regressions of future returns on retail order imbalances, past returns, controls, and day and stock fixed effects. There are 730 distinct stocks traded between 2002 and 2010. Imb[0] is our measure of retail imbalances, defined for a stock-day as the number of shares purchased minus sold over the number of shares purchased plus sold. LogM E is the log of the market capitalization of the stock. Ret [x, y] is the cumulative holding period return from day x to day y. In Columns 1 and 2, standard errors are clustered by day. In Columns 3 and 4, they are clustered two ways, by stock and day. ***, **, and * indicate significance at the 1%, 5%, and 10% level, respectively. Table B2 Returns to liquidity provision, robustness. This table presents the results of stock×day-level ordinary least squares regressions of future returns on retail order imbalances, past returns, controls, and day and stock fixed effects. There are 730 distinct stocks traded between 2002 and 2010. Imb[0] is our measure of retail imbalances, defined for a stock-day as the number of shares purchased minus sold over the number of shares purchased plus sold. LogM E is the log of the market capitalization of the stock. Ret [x, y] is the cumulative holding period return from day x to day y. Standard errors are corrected for clustering at the stock level and are presented in parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% level, respectively. 
